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Motivation

= Abundant reward-free data, containing useful human
beheaviors

= How to extract them effectively from offline data”
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Random Neural Networks as Priors
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Figure 2: The framework of UBER. The procedure consists of two phases. In the first phase, we
extract diverse and useful behaviors from the offline dataset with random rewards. In the second
phase, we reuse previous behavior to accelerate online learning.
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Policy Composition

= Policy set Il = |ng, mp]

o a_ eXp(Qcp(Saai)—/Oé) ;
Utlllty Py li] = Zj exp(qu(Saaj)/o“), viell K]

= Composition

ﬁ-(a‘s) — [5aww5(s): 5a,rv7r9(s)}w: w ~ Py
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Algo: Random Neural Networks as Priors

Algorithm 1 Phase 1: Offline Behavior Extraction

Require: Behavior size IV, offline reward-free dataset peft, prior intention distribution 3
Initialize parameters of N independent offline agents {Qg., 74, } ¥,
fori=1,---,Ndo
Sample a reward function from priors z; ~ 3
Reannotate D°% as D¢ with reward r,
for each training iteration do
Sample a random minibatch {7;} 7, ~ Dy
Calculate £2%in¢(9,) and update 6;
Calculate £21in¢(,) and update ¢;
end for
: end for
: Return {7, },
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Algo: Random Neural Networks as Priors

Algorithm 2 Phase 2: Online Policy Reuse

1: Require: {7y, } Y, offline dataset D°F

2: Initialize online agents (Qy, ., and replay buffer D"
3: Construct expanded policy set T = [T, ..., Tpy s Tuw)
4: for each iteration do

5:  Obtain initial state from environment s

6: forstept=1,---,Tdo

7 Construct P’z According to Equation (6)

8 Pick an policy to act 1y ~ Px, a; ~ m(+|s¢)

0: Store transition (s;, as, r¢, S¢41) in D"
10: fori=1,---,N do
11: gilculate £onine (9 and update 0
12: end for
13: C:;lculate couline () and update w
14:  end for
15: end for
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Theoretical Analysis: Completeness

Proposition A.1 (Proposition 4.1 restated). For any behavior m, there exists an intention z with
reward function r, such that 7 is the optimal policy under r,, i.e.

Vi () =V, () 9)

Moreover, if 7 is deterministic, then 7 is the unique optimal policy under 1., in the sense that

var . (fs) = n(s). V™ (s) > 0.

Proof. Letr.(s,a) = 1(d] (s,a) > 0), then we have

Vhﬂ,-rz () = Vh,max = Vf::,rz () (11)
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Theoretical Analysis: Completeness

Theorem A.2 (Theorem 4.2 restated.). Consider linear MDP as defined in Definition 2.1. With an
offline dataset D with size N, and the PEVI algorithm (Jin et al., 2021), the suboptimality of learning
from an intention z € Z with size |Z| satisfies

CldsHs3
SubOpt(7; ) < 4e f TL (12)

with probability 1 — 0 for sufficiently large N, where 1 =|log 4dH§<|Z| is a logarithmic factor, c is an

absolute constant and

.i. ‘,’CTZT"Z,}’E'{‘E
C] = max sup —="—
he[H] ||z||=1 T Eph.ﬁu"

?
with

Eﬂ'z,h - E(s,a)wd,r;_,,h(s,a) [QB(S, CL)Qb(S, a)TL Eph, - Eph [Qb(S, G)@(S, G’)T]‘
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Theoretical Analysis: Coverage

Theorem 4.3. Assume the reward function admits a RKHS represention (s, a) with |{(s,a)| <

K almost surely. Then with N = c¢ov/M log(18v/ M k2 /5) random rewardfwunrm\ the linear

combination of the set of random reward functions can approximate the true reward function with
error

e < logz(lg/(‘i)/v M,

with probability 1 — 4.
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Experiments
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Experiments

walker2d-medium-expert antmaze-medium-diverse
mm BC 1.0+ == BC
0.00351 mm UBER == UBER
Im DATASET mmm DATASET
0.0030 1 0.8
> 0.0025 A >
é c 0.6
] ]
g_0.0020 g
o
L 0.0015 Q04
- [T
0.0010 1 0.2
0.0005 - I I I
0.0 - | | I |
0.0000- .-J.J.._..___LI._LLLLLLL : : : : : :
0 1000 2000 3000 4000 5000 0.0 0.2 0.4 0.6 0.8 1.0
Returns Return

@ Machine Intelligence Group, IlIS, Tsinghua University 11



3000

2400

Average Return
%
o
=]

1200

600

—— UBER
—— BC
—— ONLINE

hopper-expert

Experiments

0.5

1.0

15
Time steps(1e5)

2.0

2.5

3.0

walker2d-expert

— UBER
— BC
4000 — onLINE

3200

2400

1600

Average Return

800

8.0 05 70 2.0 25 30

15
Time steps(1e5)

@ Machine Intelligence Group, IlIS, Tsinghua University 12



Experiments
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Multi-task: Meta-world

= Source: Push, Reach, Pick-place

= Target: Hammer, Peg-Insert-Side, Push-Wall, Pick-Place-
Wall, Push-Back, Shelf-Place
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Ablations
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Ablations
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